Use of Data Envelopment Analysis in
an Evaluation of the Efficiency of the
DEEP Program for Economic Education

Arthur M. Diam'ond, Jr., and Jeanette N. Medewitz

Since 1983, the Joint Council on Economic Education (JCEE) has ex-
panded and enhanced its Developmental Economic Education Program
(DEEP), which is aimed at achieving major improvements in the economics
literacy of high school students by encouraging and training teachers and
providing them with supplementary educational materials for high school
economics classes (Brenneke et al. 1988). Recent efforts to test the effective-
ness of DEEP have produced mixed results. Some studies, using standard
ordinary least squares (OLS) production-function analysis, have found that
the coefficient of a DEEP dummy variable is positive and statistically sig-
nificant when the dummy variable is entered as an independent variable in
the production function (Walstad and Soper 1988; Rhine 1989). Another
study, using OLS production-function analysis that takes account of selec-
tion bias, has found that the coefficient of a DEEP dummy variable is not
statistically significant (Becker and Walstad 1990).

We used the National Assessment of Economic Education (NAEE) data
set collected by the JCEE, from funding provided by the J. Howard Pew
Freedom Trust. The data set has a rich array of educational input variables
and has a well-validated economic literacy test as an output measure. We
used data envelopment analysis (DEA) to determine whether DEEP high
school classes use resources more efficiently than non-DEEP classes. Effi-
cient decisionmaking units, as defined in DEA, are those entities without
slack; that is, they could not produce any more output with a given set of in-
puts. However, they are not necessarily economically efficient in the sense
of using the least-cost set of inputs to produce a given output. We were thus
measuring technical efficiency, which is a necessary, but not sufficient, con-
dition for economic or allocative efficiency. Although DEA has never been
applied to measure the efficiency of economic education programs, it has
been used to test the efficiency of other educational programs (Charnes,
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Cooper, and Rhodes 1981) and has also been applied to measure the effi-
ciency of educational decisionmaking units (e.g., Charnes et al. 1981; Bes-
sent et al. 1982; Bessent et al. 1983).

METHOD

The most useful efficiency measures for guiding policy would be those
that informed us which production technologies and input combinations
produced the output at minimum cost. Production at minimum cost is
known as ‘‘economic efficiency.”” However, economic efficiency cannot al-
ways be determined with available data: information on the cost of inputs is
often not available, especially in nonprofit activities like education. In such
circumstances, it still may be useful to calculate technical efficiency. Bring-
ing all decisionmaking units (DMUSs) to the technical efficiency frontier is
desirable, even if we cannot determine which point on the frontier is the
economically efficient point.

The estimation of production functions by multiple regression or maximum-
likelihood estimation is the most common technique within economics for
determining the technical efficiency of a DMU. In the simplest approach,
DMUs with positive residuals are judged efficient, whereas those with nega-
tive residuals are judged inefficient. Strictly speaking, to view positive re-
siduals as indicating an efficient DMU is inconsistent with the notion that
the estimated production function represents a frontier. The literature on
stochastic frontier estimation that is associated with the work of Aigner,
Lovell, and Schmidt (1977; also Greene 1980a, 1980b) attempted to address
this problem by supposing that the error term in a production function can
be decomposed into two parts, one representing stochastic error and the
other inefficiency. Aigner et al. suggested a specification for estimating the
components, although the separation is not successful for data sets of fewer
than one hundred observations. (Whatever the other merits of the ap-
proach, this problem was sufficient to rule it out for our study because our
data set contained students aggregated into forty-six high school classes.)

Banker and Maindiratta (1988) in their recent Econometrica article,
showed that the efficiency values calculated in DEA constitute a tightest up-
per bound on the technical efficiency value. Grosskopf (1986) viewed sto-
chastic frontier estimation and DEA as two alternative developments of
ideas that originated with Farrell (1957). Grosskopf noted that the para-
metric approach (stochastic frontier estimation) has been developed mainly
by economists, whereas the nonparametric approach (DEA) has been left to
those in operations research. The main problem that economists associate
with DEA is the incomplete knowledge of the statistical properties of the
estimates. In particular, the worry is that we know too little about the con-
sistency of the estimates. Grosskopf responded by showing how the restric-
tiveness of reference technology affects the bias of the estimates. He showed
that, in general, the more restrictive the reference technology, the lower the
measured efficiency values will be. He claimed that parametric models will
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also be affected by the restrictiveness of the reference technology, but that,
in addition, their results will be greatly affected by the choice of error struc-
ture. His conclusion, stated at the outset of his article, was that ‘‘the value
of the linear programming approach to measuring efficiency has been un-
derestimated by economists, . . .>’ (1986, 501).

DEA has significant advantages over the usual method. First, it is not
sensitive to the choice’ of functional form. Theoretical considerations indi-
cate that DEA results on the efficiency or inefficiency of DMUs will be
robust under DEA model changes (Banker et al. 1989, 9; Ahn, Charnes,
and Cooper 1988; Charnes and Zlobec 1990). The second advantage of
DEA is that it does not make the assumption that all DMUs are using the
same technology, but instead evaluates the efficiency of a DMU relative to a
group of similar DMUs. The third advantage is that DEA readily incorpo-
rates the existence of multiple outputs.'

DEA does have some disadvantages, but several of these are shared with
the common technique of estimating production functions via multiple re-
gression, namely, that the measure of efficiency depends on the set of
DMUs included in the analysis and that technical efficiency is measured
rather than economic efficiency. In addition, it is common in DEA (as we
shall see in the present application) to find that many DMUs are evaluated
as being efficient. The likelihood of this result increases with the number of
inputs used. In multiple regression, however, we have a similar problem:
that the addition of independent variables in the regression increases the R?
value. In either technique, parsimony in the inclusion of inputs (or inde-
pendent variables) is desirable.

Several studies have estimated production functions for economic educa-
tion (for examples using DEEP as an independent variable, see Becker and
Walstad 1990; Heath 1989; Rhine 1989; Walstad and Soper 1988). The only
study of which we are aware that made use of any linear programming tech-
niques was by Miller (1982). However, Miller only examined which inputs
were being underused in a single institution. He did not obtain measures of
efficiency, nor did he compare the economic efficiency of different pro-
grams (such as DEEP and non-DEEP). As far as we are aware, our study
represents the first application of DEA to measure the efficiency of DMUs
in economic education and to measure the efficiency of programs in eco-
nomic education.

As a basis for comparison with the results of DEA, we first estimated
standard production functions. In addition to a simple linear production
function and the traditional Cobb-Douglas form, we also estimated the
transcendental production function, which represents one way to generalize
the Cobb-Douglas form (Intriligator 1978, 279). The functional form of the
transcendental production function is

Iny = Bo+ Bilnxy + Blnx; + Bslnxs + Baln x4 + Bsln X5
+ Bex: + Box2 + BeXs + BoXs + BioXs. 1
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The translog functional form is another procedure often used for the esti-
mation of productior functions, in part because of its generality and in part
because it has been found to result in a better fit than alternative forms
(Guilkey, Lovell, and Sickles 1983). Although others (Clark 1989) are ex-
ploring the application of the translog form to issues in economic educa-
tion, the translog was not tractable in our research because our aggregation
of the student data into forty-six high school classes left us with too few
observations to estimate the translog with precision.

In our implementation of DEA, we used the ratio model developed by
Charnes et al. (1978, 1981) for making an efficiency analysis of DMU:s.
Following the earlier exposition of Charnes et al. (1978), as simplified for
our case of a single output, DEA maximized for each DMU the ratio of the
weighted output measure to the sum of the weighted input measures, sub-
ject to the constraint that the equivalent ratios for the other DMUs were less
than or equal to unity. This nonlinear programming problem resulted in ef-
ficiency values for each DMU. Stated in symbols, the problem for the kth
DMU was

Max hk = uyk/ é v:‘-xik (2)
subject to
uyj/f:vx;,sl Jj=1...,n
i=1

u, v =0 i=1...,m

In this problem, y is the output, the x values are inputs of which there are m,
and there are j DMUSs. Charnes et al. (1978) have shown that the above non-
linear programming problem can be transformed into an ordinary linear
programming problem. We used a Fortran code developed by Assad (1986,
3-4 and passim) to implement a version of the ratio model of DEA devel-
oped by Charnes et al.’

When DMUs are evaluated relative to other DMUs in the same program,
intraprogram efficiency measures are obtained. The efficiency of a program
can be evaluated by adjusting the inputs and output of the DMU to what
they would be if the DMU was on its program frontier.® If the adjusted
values are used, all the DMUs can be evaluated together. Any inefficiency
that remains can be attributed to program inefficiency.

DATA

A brief description of the data set we used can be found in Baumol and
Highsmith (1988). The data set was based on the responses to question-
naires at four levels: the school district, the school, the teacher, and the stu-
dent. All the 3,266 students in the original sample took the Test of Eco-
nomic Literacy (TEL). For details of the test, see Soper and Walstad (1987).
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The output measure used in the analysis was the class average of the num-
ber of questions answéred correctly on Form B of the TEL. The inputs in-
cluded in the analysis were the sum of verbal and math SAT scores, the per-
centage of mothers of students in the class who graduated from college, the
percentage of students in the class who were white, the percentage of stu-
dents in the class who were male, and the percentage of students in the class
who had taken an economics course (broadly defined). The SAT variable
was included as a proxy for the students’ academic ability. The mother’s
education variable was included both as a proxy for the student’s academic
ability and as a possible proxy for a home environment that was conducive
to successful study. We conformed to standard practice in including race
and gender control variables. We also considered using as inputs the num-
ber of years the teacher had taught, the number of credit hours the teacher
had in economics, and the average annual expenditure per year per student
in the district. None of these three variables was statistically significant in
preliminary production function regressions. In addition, others (Blais and
Greenwood 1989; Clark 1989) have found that a teacher’s experience and
college training do not appear to affect student performance in the NAEE
data set, and Lopus (1989) has given good arguments for questioning the
usefulness of including the measure of annual expenditure in the data set.

The subsample used in our study was restricted to include students for
whom there were no missing values for any of the variables used in the pre-
liminary analysis. The subsample consisted of the 888 students who
satisfied this restriction. Although the NAEE data has a rich array of varia-
bles, many of the observations have missing values for some of the impor-
tant variables. If sample selection bias is suspected, the inverse Mill’s ratio
could be included in the estimation of the production functions, although
the problems in identifying the inverse Mill’s ratio are well known. It may
also be possible to find or construct proxies for some of the missing varia-
bles (Little and Rubin 1987, 60-67). The use of such proxies may increase
the efficiency of the estimates, but at the price of also increasing measure-
ment error and, thereby, increasing the inconsistency of the estimates. In
the end, we believed that the best remedy for the missing variable problem
might be to test the robustness of our results by applying DEA to other eco-
nomic education data sets such as the one described by Walstad and Soper
(1988) and analyzed by Becker and Walstad (1990).

The 888 students in our final sample were members of fifty classes,
twenty-four of which were in the DEEP program and twenty-six of which
were not. Four classes were excluded from the analysis either because they
had fewer than 6 students with nonmissing data (two classes) or because the
students were in lower grades than the rest of the sample (two classes). The
final data set consisted of data for twenty-three DEEP classes and twenty-
three non-DEEP classes. (That balance was coincidental for our purposes—
data envelopment analysis does not require an equal number of cases under
each program.) The school districts in the DEEP sample were located in
twelve states representing all areas of the United States: California, Connec-
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ticut, Illinois, Indiana, Maryland, Michigan, Missouri, New Jersey, New
York, Ohio, South Chrolina, and Texas. The non-DEEP districts were also
located in twelve states: Alabama, Arkansas, California, Florida, Illinois,
Iowa, Maryland, Michigan, New York, Ohio, Texas, and Washington. The
definition of the variables used in the analysis, as well as some related vari-
ables of interest, are provided in Table 1. Because the aggregated data set
was not large, we provide in Tables 2 and 3 complete data on the variables
used in the analysis and, in Tables 4 and 5, complete data on some related
variables of interest.’

RESULTS

Of the three functional forms that we estimated for the production func-
tion, the simple linear form fitted the data best (Table 6). In the linear re-
gression, TEL scores were higher for those classes with higher average SAT
scores, a larger percentage of whites, and a greater percentage of students
who had taken an economics course. Although not significant at customary
significance levels, the coefficients of the race and mother’s education vari-
ables also had the expected positive signs.

In the DEA reported in Table 7, we estimated efficiency values for all
forty-six high school classes, using the same input variables that were used
as independent variables in the production functions (Table 6). Table 8 re-
ports the residuals from the three production functions reported in Table 6
along with the efficiency values calculated in the DEA reported in Table 7.
The data in Table 8 are usefully summarized by the correlation coefficients
reported in Table 9. As alternative measures of efficiency, the three residual
measures and the DEA efficiency ratio were all highly correlated with one
another.

We proceeded to estimate the efficiency of DEEP classes relative to other
DEEP classes and the efficiency of non-DEEP classes relative to other non-
DEERP classes (see Table 10). When DEEP classes were evaluated relative to
other DEEP classes, sixteen out of twenty-three were evaluated as efficient.
Similarly, when non-DEEP classes were evaluated relative to other non-
DEEP classes, ten out of twenty-three were evaluated as efficient.

Based on the results in the program-specific estimation, inputs for ineffi-
cient schools were adjusted to what they would have been if the schools had
been on their program-specific frontiers. These adjusted values were then
used to calculate interenvelope efficiency values (Table 11). When the input
values were adjusted as described earlier, we found that nine of twenty-
three DEEP classes were evaluated as efficient, and fourteen of twenty-
three non-DEEP classes were evaluated as efficient (Table 11). The evidence
thus indicated that the efficiency of some classes was improved by the pres-
ence of DEEP, but the efficiency of other classes seemed to be harmed by
DEEP. Overall, the evidence was not favorable to DEEP. Although nine
non-DEEP classes would have been more efficient if they had been in the
DEEP program, fourteen DEEP classes would have been more efficient if
they had not been in the DEEP program.
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TABLE 1
Definition of Variables

DISTCODE

TEL
(27.3; 24.5)

SUMSAT
(864.6; 205.8)

COLGRAD
(0.29; 0.21)

WHITE
(0.83; 0.21)

MALE
(0.50; 0.21)

ECOCOURS
(0.83; 0.33)

ANNEXPEN
(3827.48; 13.42)

ECOHRSTE
(15.43; 15.58)

SOMECOL
(0.18; 0.10)

SCHGRADE
(94.78; 7.78)

PRIVPUB
(1.85; 0.36)

URBAN
(0.26; 0.44)

TOTYRTAU
(16.13; 8.00)

HIGHGRADE
(0.13; 0.13)

ECNPERI12
(54.93; 44.30)

— — — — —— — —

NAEE code number for school district. Each district was assigned a
unique number within the state. The values 1 to 50 were used for DEEP
districts and 51 to 99 for non-DEEP districts

Average total correct (out of 46 possible) for class. Test was Form B of
the TEL

Equal to sum of verbal and math SAT scores (or transformed ACT
score where SAT not available)

Percentage of mothers (of students in class) who graduated from college
(father’s COLGRAD status was used when mother’s COLGRAD status
was not available)

Percentage of students in class who were white (not black, Hispanic,
Asian, or other)

Percentage of students in class who were male

Percentage of students in class who had ever taken a course in econom-
ics (broad definition of taking a course included, e.g., ‘‘economics as
part of another class, but not a separate unit’’)

District official’s estimate of ‘‘the current total annual instruction ex-
penditure per student (all grades) in your district’’

Teacher’s total undergraduate and graduate hours in economics

Percentage of mothers (of students in class) who attended college, but
did not graduate (father’s SOMECOL status was used when mother’s
SOMECOL status was unavailable)

Average student’s current grade or year in school (100 = senior; 75 =
junior; 50 = sophomore; 25 = freshman)

1 if school was private; 2 if public
1 if school was in urban area; 0 if not
The number of years that the teacher had taught school

Percentage of mothers (of students in class) who graduated from high
school but did not attend college (father’s HIGHGRAD status was used
when mother’s HHGHGRAD status was not available)

District official’s estimate of ‘‘the % of 12th grade students in your
school district who take/took a course in the 12th grade focusing exclu-
sively on economics’’ (may be a proxy for how seriously the school dis-
trict takes economic education)

Note: The first number in parentheses is the variable mean; the second is the variable standard deviation. The
data set consists of forty-six classes.
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TABLE 6
Coefficient Estimates of Three Functional Forms for the Production Function

Regression #1 Regression #2 Regression #3
(Linear) (Cobb-Douglas) (Transcendental)
Dependent variables
TEL In (TEL) In (TEL)
Independent variables
Constant —18.816 (—1.661) —0.338 (—0.369) 4.755 (0.952)
SUMSAT 0.626 (5.050) — 0.004 (0.222)
COLGRAD 0.147 (1.768) — 0.002 (0.685)
WHITE 0.221 (2.481) — 0.028 (1.791)
MALE 0.123 (1.387) — 0.006 (1.741)
ECOCOURS 0.127 2.272) — 0.003 (1.147)
In (SUMSAT) — 0.900 (4.890) 0.623 (0.549)
In (COLGRAD) — 0.007 (0.403) —0.003 (—0.136)
In (WHITE) — 0.132 (0.985) —1.407 (- 1.585)
In (MALE) — 0.015 (0.868) —-0.038 (-1.372)
In (ECOCOURS) — 0.003 (0.092) —0.048 (—0.841)
N 46 46 46
R? .66 .48 .58

Note: t statistics appear in parentheses.

TABLE 7
Data Envelopment Analysis Efficiency Values for All Classes Estimated Together

DEEP classes Non-DEEP classes
Efficiency Efficiency

Class no. State value Class no. State value
1 Connecticut 97 24 Alabama .79
2 ‘California .96 25 Alabama 1.00
3 California 1.00 26 Alabama .64
4 Connecticut .93 27 Alabama 72
5 Connecticut .82 28 Alabama 1.00
6 Illinois 91 29 Texas .86
7 Indiana 1.00 30 Arkansas .16
8 Indiana .67 31 California .64
9 Indiana 1.00 32 California .18
10 Maryland 1.00 33 California 1.00
11 Michigan .95 34 Florida .90
12 Missouri .87 35 Illinois 77
13 New Jersey 91 36 Iowa .93
14 New Jersey 97 37 Iowa 1.00
15 New York .83 38 Maryland .62
16 New York 1.00 39 Michigan 1.00
17 New York .83 40 New York 1.00
18 Ohio 1.00 41 New York .83
19 Ohio 1.00 42 New York 1.00
20 Ohio .92 43 New York .89
21 South Carolina 1.00 4 Ohio .65
22 South Carolina .89 45 Texas 1.00
23 Texas .85 46 Washington .88
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TABLE 8

‘ Efficiency Measures from Three Production Functions and from Data Envelopment Analysis

Residuals Residuals Residuals Effic. value

Class no. from Regl from Reg2 from Reg3 from DEA
1 .23 17 15 97
2 19.32 .45 .40 .96
3 8.58 -.02 -.13 1.00
4 1.9 .13 .16 .93
5 -8.73 -.02 —-.06 .82
6 8.03 .24 .25 91
7 -1.71 —.08 -.11 1.00
8 -15.16 -.23 -.36 .67
9 -6.40 -.33 -.19 1.00
10 12.84 .14 -.00 1.00
11 4.46 .15 A1 .95
12 8.81 .23 .16 .87
13 .02 .15 .04 91
14 -6.16 —.08 -.20 97
15 -3.00 -.03 -.09 .83
16 2.58 -.01 -.03 1.00
17 -10.24 .00 .10 .83
18 27.11 .64 54 1.00
19 9.48 .09 .10 1.00
20 1.78 .06 .06 .92
21 .93 -.17 -.18 1.00
22 -1.13 -.16 -.07 .89
23 2.83 12 13 .85
24 —-1.48 .36 32 .79
25 6.08 A1 A1 1.00
26 -12.33 -.06 -.11 .64
27 —6.68 -.07 -.11 72
28 7.92 .18 .15 1.00
29 1.67 .07 .07 .86
30 -38.24 —-1.49 —-1.41 .16
31 -13.78 -.23 -.16 .64
32 -6.53 -.07 -.06 .78
33 9.01 -.02 .03 1.00
34 2.33 12 24 .90
35 -6.27 -.03 -.07 77
36 2.55 .01 -.03 .93
37 17.82 36 31 1.00
38 -15.42 -.17 -.17 .62
39 11.78 .21 .34 1.00
40 1.86 -.02 .19 1.00
41 -13.19 -.32 -.11 .83
42 -.11 -.10 A1 1.00
43 -6.26 -.16 -.29 .89
4 —15.66 -.36 -.34 .65
45 15.19 17 .18 1.00
46 .29 .06 .05 .88
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TABLE

9

Correlations of Efficiency Measures from Three Production
Functions and from Data Envelopment Analysis

Resid. Resid. Resid. Effic.
Regl Reg2 Reg3 DEA
Resid. 1.000 .854 .831 .822
Regl
Resid. .854 1.000 .956 712
Reg2
Resid. .831 .956 1.000 735
Reg3
Effic. .822 712 735 1.000
DEA

Note: The higher number in each cell is the correlation coefficient. In a one-
tailed test, each of the above correlations was statistically significant even at
the stringent .001 level.

TABLE

10

DEEP and Non-DEEP Program Specific Efficiency Values

DEEP classes Non-DEEP classes
Efficiency Efficiency
Class no. State value Class no. State value
1 Connecticut 1.00 24 Alabama 1.00
2 California 1.00 25 Alabama 1.00
3 California 1.00 26 Alabama .75
4 Connecticut 1.00 27 Alabama .76
5 Connecticut .86 28 Alabama 1.00
6 Illinois 1.00 29 Texas .89
7 Indiana 1.00 30 Arkansas .18
8 Indiana .68 31 California .66
9 Indiana 1.00 32 California .78
10 Maryland 1.00 33 California 1.00
11 Michigan 1.00 34 Florida .92
12 Missouri .93 35 Illinois .79
13 New Jersey .94 36 Iowa 1.00
14 New Jersey 97 37 Iowa 1.00
15 New York .90 38 Maryland .65
16 New York 1.00 39 Michigan 1.00
17 New York 1.00 40 New York 1.00
18 Ohio 1.00 41 New York .83
19 Ohio 1.00 42 New York 1.00
20 Ohio 1.00 43 New York .92
21 South Carolina 1.00 4 Ohio .78
22 South Carolina 1.00 45 Texas 1.00
23 Texas .99 46 Washington .89
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TABLE 11
Inter-Envelope Efficiency Values

DEEP classes Non-DEEP classes
Efficiency Efficiency

Class no. State value Class no. State value
1 Connecticut .97 24 Alabama .79
2 California .96 25 Alabama 1.00
3 California 1.00 26 Alabama .98
4 Connecticut .93 27 Alabama .99
5 Connecticut .95 28 Alabama 1.00
6 Illinois 91 29 Texas .99
7 Indiana 1.00 30 Arkansas .98
8 Indiana .98 31 California .93
9 Indiana 1.00 32 California 1.00
10 Maryland 1.00 33 California 1.00
11 Michigan .95 34 Florida 1.00
12 Missouri .94 35 Illinois 1.00
13 New Jersey 97 36 Iowa .93
14 New Jersey 1.00 37 Iowa 1.00
15 New York .93 38 Maryland .99
16 New York 1.00 39 Michigan 1.00
17 New York .83 40 New York 1.00
18 Ohio 1.00 41 New York 1.00
19 Ohio 1.00 42 New York 1.00
20 Ohio .92 43 New York 1.00
21 South Carolina 1.00 4 Ohio 1.00
22 South Carolina .89 45 Texas 1.00
23 Texas .86 46 Washington .99

FUTURE WORK

In the future, it would be useful to test further the robustness of the anal-
ysis by applying it to additional data sets and by estimating the additive
form of DEA, which has been described in Charnes et al. (1985). If the re-
sults prove robust, then it would be useful to learn the characteristics of the
schools that benefit from DEEP and compare them with the characteristics
of those that do not benefit from it. The techniques for this analysis are be-
ing developed in research by Rhodes and Southwick (1988, 1989).

It would also be interesting to evaluate programs other than DEEP. In
particular, Rhine (1989) has concluded that whether a state chooses to man-
date economic education matters much more for the economic literacy of
students than whether the district participates in DEEP, indicating that it
may be useful to compare the efficiency of high school classes in state-
mandated vs. non-state-mandated programs.

NOTES
1. Only one output is currently used. Other outputs that might be added from the present data

set are the students’ attitude about economics and the students’ perceptions about how
much they learned and how useful the knowledge learned will be. Self-reported perceptions
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are not traditionally held in high regard in economic analysis (McCloskey 1985, 181-82).
Entering that controversy would distract us from our objective, which was to learn whether
DEA is a useful technique for measuring the efficiency of DMUs and programs in economic
education. As a result, we did not include any outputs in our study other than the test
scores. When the Joint Council completes a follow-up survey of the students, additional
‘“‘hard”’ measures of output will be available.

2. The Fortran code solved the following problem:

MIN W
subject to
YA - s* =Y,
X0 — X\ - s=0

W - X6 + ee"s* + e s =0
A\, s*, ands =0,

where X, and Y, were, respectively, the input and output values for a DMU being evalu-
ated; 6 was the efficiency variable; s* was a vector of output slacks; s~ was a vector of input
slacks; ¢ was the non-Archimedean infinitesimal; A\ was an n X 1 vector (where n was the
number of DMUs) and e* was a matrix of 1’s of adequate dimension. The non-
Archimedean infinitesimal is a function that approaches zero in the limit. Banker et al.
(1989) suggest that the non-Archimedean infinitesimal may usefully be thought of as the
reciprocal of the ‘‘big M”’ that is used in one common algorithm for solving linear program-
ming problems (Chvatal 1983, 128). In actual calculations, some very small number is used
for e.

3. The adjusted input vector was equal to: X, — s~. The adjusted output vector was equal to:
Yol + s*.

4. In addition, observations were excluded if the school district reported spending $100 or less
per year per student on the grounds that these responses were miscoded or represented a
misunderstanding of the question by the respondent. If SAT scores were missing but ACT
scores were available, the ACT scores were converted into SAT equivalents. The formula
for converting from ACT to SAT scores was estimated by Jim Clark using tables from the
University of Illinois, University Office of School and College Relations, Research Memo-
randum 80-5, July 1980. The formula used was SUMSAT = 430 + 2.94 * ACT**62,

5. Because the data envelopment analysis program makes use of non-Archimedean infinitesi-
mals and because of rounding conventions in the program, inputs and outputs must be
scaled so that each variable varies roughly within the same range. In particular, we scaled
the values of inputs so that they ranged in value from 0 to 100. Values of 0 were assigned a
value of 0.001 to avoid division by 0. Because the efficiency values obtained from DEA are
insensitive to the units in which outputs and inputs are measured, scales may be chosen for
computational convenience (Assad 1986). The scaled values are not directly meaningful, so
in Tables 2 through 5 the unscaled values are presented.
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